Abstract We statistically reconstruct austral summer (winter) surface air temperature fields back to AD 900 (1706) using 22 (20) annually resolved predictors from natural and human archives from southern South America (SSA). This represents the first regional-scale climate field reconstruction for parts of the Southern Hemisphere at this high temporal resolution. We apply three different reconstruction techniques: multivariate principal component regression, composite plus scaling, and regularized expectation maximization. There is generally good Electronic supplementary material The online version of this article
agreement between the results of the three methods on interannual and decadal timescales. The field reconstructions allow us to describe differences and similarities in the temperature evolution of different sub-regions of SSA. The reconstructed SSA mean summer temperatures between 900 and 1350 are mostly above the 1901-1995 climatology. After 1350, we reconstruct a sharp transition to colder conditions, which last until approximately 1700. The summers in the eighteenth century are relatively warm with a subsequent cold relapse peaking around 1850. In the twentieth century, summer temperatures reach conditions similar to earlier warm periods. The winter temperatures in the eighteenth and nineteenth centuries were mostly below the twentieth century average. The uncertainties of our reconstructions are generally largest in the eastern lowlands of SSA, where the coverage with proxy data is poorest. Verifications with independent summer temperature proxies and instrumental measurements suggest that the interannual and multi-decadal variations of SSA temperatures are well captured by our reconstructions. This new dataset can be used for data/model comparison and data assimilation as well as for detection and attribution studies at sub-continental scales.
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Introduction
Understanding the current and future processes and dynamics of the climate system requires knowledge of the spatial patterns, trends, amplitudes and frequencies of climatic variations including information from the past (Jansen et al. 2007; Jones et al. 2009; Mann et al. 2008) . While instrumental records (e.g. Brohan et al. 2006) provide insights into climate variability of the recent anthropogenically forced climate system, they are often too short to allow assessment of the natural modes of climatic variations. In this regard, proxy data-records which serve as a surrogate for instrumental measurements-have allowed climate variations to be evaluated over the past centuries to millennia (see e.g., Jones et al. 2009 for a review). Climate reconstructions provide insight into the mechanisms or forcings underlying observed climate variability and are of importance for data/climate model comparisons.
Until recently, the rather low number and uneven spatial distribution of temporally-highly-resolved proxies from the Southern Hemisphere (SH) did not allow reliable continental scale reconstructions to be developed at interannual to interdecadal time scales (Jansen et al. 2007; Mann and Jones 2003) . Consequently, the few existing multi-proxy temperature reconstructions from the SH focus on the hemispheric mean (Jones et al. 1998; Mann and Jones 2003; Mann et al. 2008) and depend upon on a small number of SH proxies (see e.g., Ljungqvist 2009 and references therein) . Accordingly, these reconstructions do not provide reliable representations of the spatial patterns, trends and amplitudes of regional to continental scale SH climate. However, reconstructions of high spatial and temporal resolution are important, because they illuminate key climatic features, such as regionally very hot/cool seasonal conditions that may be masked in a hemispheric reconstruction. The limited understanding of SH climate is particularly striking given the importance of understanding the potential see-saw mechanisms between the climatic state of the Northern Hemisphere (NH) versus SH continents on interannual to millennial time scales as well as the crucial role of the SH oceans in regulating global climate variability (e.g., Busalacchi 2004) .
South America is a key region for the understanding of Southern Hemisphere climate dynamics, as it is the only landmass that extends from the tropics to latitudes poleward of 50°S. It is influenced by a variety of atmospheric and oceanic patterns, including globally relevant largescale modes such as the El Niño Southern Oscillation (ENSO), the Southern Annular Mode (SAM) and the Pacific Decadal Oscillation (PDO; Garreaud et al. 2009 ). Furthermore, South America's climate is strongly affected and modulated by the continuous Cordillera of the Andes in the west and the large Amazon basin in the northeast.
Due to the still very limited number of highly resolved paleoclimatic records from the tropical part of South America ), this study focuses on southern South America (SSA, south of 20°S).
The largest fraction of the published paleoclimatic information from SSA is represented by Andean tree rings (see Boninsegna et al. 2009 for a review). Annually resolved temperature reconstructions on local to regional scale have been developed using tree rings from southern Patagonia and Tierra del Fuego back to 1650 (Aravena et al. 2002; Boninsegna et al. 1989; Villalba et al. 2003) as well as from northern Patagonia, where the longest tree ring records extend back more than 3,500 years (Lara and Villalba 1993; Villalba 1990; Villalba et al. 1997a Villalba et al. , 2003 . New records from ice cores (Vimeux et al. 2009 and references therein) and lake sediments (e.g. von Gunten et al. 2009 ) complement the network of temporally highly resolved natural proxies from SSA. The regional temperature history of the subtropical Andes has been investigated based on the lake sediment record from Laguna Aculeo (von Gunten et al. 2009 ), covering the period . In addition to the natural proxies, several documentary records are available, most of them originating from subtropical SSA (e.g. Neukom et al. 2009; Prieto and García Herrera 2009 ). Along with proxies from outside SSA, that are connected to the South American climate via teleconnections, the data now allow us to establish an extensive set of climate predictors for past SSA climate. On centennial timescales, glacier length records from the Andes also provide insight into the climate history of SSA (Koch and Kilian 2005; Luckman and Villalba 2001; Masiokas et al. 2009; Villalba 1994) .
In this work, we present the first SSA austral summer (DJF) and winter (JJA) temperature field reconstructions. Out of an extended set of 144 annually resolved SSA climate proxies we select 22 (20) predictors for the summer (winter) reconstructions. Three different techniques were applied to statistically reconstruct the SSA mean as well as spatial temperature fields. Proxy data were sufficient to reconstruct winter temperatures back to 1706 and summer temperatures back to 900.
Data and methods

Instrumental calibration data
We used the new monthly and 0.5°9 0.5°resolved CRU TS 3 temperature grid covering 1901 (updated from Mitchell and Jones 2005 as a predictand for the reconstructions (see Sect. 2.3 for methodological details). Seasonal values were calculated by averaging the austral summer (December to February, DJF) and winter (June to August, JJA) months, respectively. We selected this traditional definition of the seasons, because the combination of these months represents a compromise with respect to the varying temperature sensitivities of the different proxy records. We defined the reconstruction area (SSA) as the terrestrial area between 20°S and 55°S and between 30°W and 80°W, covered by a total of 2,358 (land-) grid boxes.
Predictor data
As a basis for the proxy evaluation and temperature reconstruction, we compiled 144 proxies, which are sensitive to SSA climate (Tables S1-S3 in the supplementary material). The dataset includes records from natural archives (tree rings, lake and marine sediments, ice cores and corals), documentary evidence and a set of homogenized instrumental temperature measurements. Some of the records were additionally processed as described in the supplementary material. Due to the limited number of long proxies from SSA, we also included records from distant areas into our predictor sets. Earlier studies based on instrumental measurements (e. g. Dettinger et al. 2001; Garreaud and Battisti 1999; Garreaud et al. 2009; Villalba et al. 1997b ) revealed that these regions are related to SSA climate via teleconnections, mainly SAM and ENSO, and can explain significant fractions of SSA summer and winter temperature variability. Together, ENSO and SAM explain 38% of annual SSA mean temperature variability . The spatial correlations of SSA summer and winter temperatures with ENSO and SAM are shown in Fig. S1 in the supplementary material. However, we are aware that the inclusion of the proxies from distant areas may bias the reconstruction results, because the teleconnections patterns relating them to SSA climate may not be stable through time. Recent studies from Europe showed that the quality and location of predictors is probably more important for reliable reconstructions than the total number of predictors (Küttel et al. 2007; von Storch et al. 2009 ). Working in this direction, we assessed the quality and value of each proxy individually, finally reducing our predictor set to 22 (20) summer (winter) temperature proxies. As selection criteria we used the change in predictive skill of the predictor set within the verification period, when a candidate series is added to/removed from a previous set (detailed description of the procedure see supplementary material). An overview of the finally selected records and their temporal span is provided in Tables 1 and 2 and Fig. 1 . The optimized set for summer consists of 16 records from within SSA (data sources see Table 1 ): 11 tree ring chronologies, mainly from the Patagonian Andes, a lake sediment record from central Chile, and 4 long instrumental temperature time series. The set is completed by six proxies from outside SSA: a marine sediment record from the Cariaco Basin off Venezuela, d
18 O and accumulation series from the Quelccaya ice core, a tree ring based temperature reconstruction from New Zealand, and two coral records from Australian coastal waters. For the winter temperature reconstructions, the optimized proxy set (data sources see Table 2 ) contains four tree ring, two documentary, and three instrumental records from within SSA. Proxy data from outside SSA include: a tree ring record from the Bolivian Altiplano, a documentary ENSO index from Peru, three grid cells of v wind vectors from the CLIWOC/ICOADS database, two coral records from the tropical Pacific, a SOI reconstruction based on tree rings from Indonesia and southwestern North America, a coral and tree ring based PDSI reconstruction from Java, and two Antarctic ice cores. Tables 1 and 2 show that the selected predictor series have different ending years. Therefore, there is a trade-off between maximizing the length of the overlap period with the instrumental target and minimizing the number of missing values in the predictor matrix. We find the period 1901-1995 a compromise with 5.7% (5.6%) missing values in the summer (winter) predictor matrix. Missing values in the predictor matrix of each season in this overlap period were filled in by applying an EOF (empirical orthogonal functions) based algorithm (Scherrer and Appenzeller 2006).
Reconstruction methods
Three different reconstruction methodologies were applied: multivariate principal component regression (PCR), composite-plus-scaling (CPS) and regularized expectation maximization (RegEM). In PCR (Küttel et al. 2009; Luterbacher et al. 2002 Luterbacher et al. , 2004 Luterbacher et al. , 2007 Riedwyl et al. 2009; Xoplaki et al. 2005 ) a transfer function between a fixed number of principal components of the predictor and predictand datasets is established for the calibration period using multivariate regression based on ordinary least squares. The resulting regression models are then used to estimate the temperatures of the reconstruction period assuming temporal stability and linearity of the relation between the predictor and the predictand. A major disadvantage of regression-based reconstructions is the fact that they may be biased by a systematic loss of variance leading to underestimations of past climate variations (e.g. von Storch et al. 2004) . In order to minimize such reductions of variance back in time, the temperatures reconstructed by PCR were rescaled to the mean and standard deviation of the predictand in the calibration period (e.g. Cook et al. 2004) . CPS avoids this loss of variability by simply scaling a composite of the predictor data against the predictand in the calibration period (e.g. Esper et al. 2005; Jones et al. 1998 ). We built the composites by calculating the weighted mean of the predictors. As weighting factors, we used the correlation coefficient of each predictor with the target in the calibration period. In order to take account of the changing number of predictors over time, a variance stabilization algorithm (Frank et al. 2007 ) was applied to the CPS results. RegEM (Mann et al. 2007 (Mann et al. , 2008 (Mann et al. , 2009 Riedwyl et al. 2008 Riedwyl et al. , 2009 Rutherford et al. 2005; Schneider 2001 ) iteratively imputes missing values in the combined predictor-predictand input matrix until a predefined convergence criterion is fulfilled. The regression parameters between the available proxy and instrumental variables are thereby computed based on the estimated mean and covariance of the input matrix. We performed the regularization of the EM algorithm, which is necessary to avoid overfitting in the regressions, using truncated total least squares (Mann et al. 2007; Riedwyl et al. 2008 Riedwyl et al. , 2009 ). For a general comparison and description of the three approaches we refer to Jones et al. (2009) and references therein.
As the number of available predictors changes over time, the reconstructions and verifications were repeatedly performed as each predictor entered or exited the available set of proxy data (18 combinations for summer and 41 for winter) for all the three reconstruction methods. Reconstructions and statistics were then aggregated to continuous time series in such a way that every time period is reconstructed by the maximum available number of predictors. We used all three methods to perform two different reconstructions: a reconstruction optimized for the analysis of the evolution of SSA mean temperatures (henceforth SSA mean reconstruction) and a reconstruction for the analysis of spatial features, such as regional differences in trends, amplitudes and uncertainties (spatial reconstruction). The predictor and predictand datasets as well as the general reconstruction procedures used for both the SSA mean and spatial reconstructions are the same, but with slightly different methodological settings (Table 3) . We tested different truncation thresholds for the number of principal components (PCs) of the predictor data used in PCR, finally retaining the first n PCs explaining 85 (80) percent of variability in the predictor data for the SSA mean (spatial) reconstruction. This setting yielded the highest reconstruction skills (RE, r 2 ) for most of the evaluated predictor sets (not shown). For PCR and RegEM, the first n PCs explaining 95% of variability in the CRU TS 3 grid were used as predictand for both the SSA mean and spatial reconstructions. In the case of the SSA mean CPS reconstruction, we used the spatial average of the instrumental grid as predictand (i.e. we scaled the predictor composite to mean and standard deviation of this average series). The spatial CPS reconstruction was performed by building the composite separately for each grid cell and scaling it to the corresponding instrumental series (i.e. for each cell a separate CPS reconstruction was performed).
The quality of the instrumental grid is particularly low in some regions of SSA in the pre-1931 period, due to the sparse coverage of these areas with instrumental stations (Fig. S2 , left panel; Garreaud et al. 2009 ). For example in Argentina, 45% of the currently available GHCN temperature station data (Peterson and Vose 1997) begin in 1931 and only 14% have data for the pre-1931 period. Nevertheless, the average over entire SSA is very likely to be reliable back to 1901, because the grid cells, which are most representative for the SSA mean, are mostly within the area with high coverage of instrumental stations back to 1901 (Fig. S2 ). For the SSA mean reconstructions we, therefore, used the period 1901-1995 for calibration, whereas for the spatial reconstructions, we used a shorter calibration period in order to obtain reliable reconstructions in all regions (Table 3 ).
Reconstruction quality assessments
The uncertainties (standard errors, SE) of the Gaussian filtered reconstructions were calculated as in Xoplaki et al. (2005) by using Gaussian white noise to make the verification residuals consistent (Briffa et al. 2002; Mann et al. 1998) . Uncertainties were calculated for the SSA mean, as Vargas and Naumann (2008) well as separately for each grid cell. We used the Reduction of Error (RE, Cook et al. 1994 ) and r 2 values as measures of reconstruction skill. These statistics are provided as mean values of three different calibration/verification periods. We retained the first, middle and last thirds of the overlapping period for verification, respectively. Hence, for the SSA mean reconstruction we used 63 years for calibration (1901-1963, 1933-1995 and 1901-1931/ 1964-1995) and 32 years for verification, respectively (1964-1995, 1901-1931 and 1932-1963) . Analogous statistics were computed for the spatial reconstructions between 1931 and 1995. As a further test to determine the reliability of the obtained reconstructions, we performed a second, independent reconstruction of SSA mean summer temperatures, using all the 22 summer temperature proxies (see Tables S1-S3) excluded from the optimized predictor set. For winter, the limited number of proxies (seven) that were not included into the optimized predictor matrix did not allow a skillful independent reconstruction.
Results
The chosen predictor network allows reconstructions of SSA summer and winter temperatures back to 900 and 1706, respectively. We focus on the PCR reconstructions in At the end of the fourteenth century a relatively rapid cooling is found. The anomalously cold conditions last until the beginning of the eighteenth century. The eighteenth century is characterized by relatively warm summer temperatures. Around 1825, there is another rapid temperature decrease with a minimum in the 1850s. SSA summer temperatures thereafter steadily increase until the present. In the period 1901-1995 there is a warming trend of 0.54°C/century (0.46°C/century in the instrumental data, both with p \ 0.0001). The reconstructed anomalies of the three likely coldest and warmest summers as well as the corresponding uncertainties are provided in Table 4 (left). The anomalies and uncertainties of the three likely coldest and warmest averages of ten consecutive summers are also shown in Table 4 . The 30-year filtered 2 SE uncertainty range ( Fig To identify regional differences in the spatial reconstructions, we defined the following four sub-regions ( . It shows that in summer, the decadal-scale variability is largest in CC, followed by SP and NP. In the ST region, the variability is clearly reduced, as compared to the other regions. These differences in variability between the regions are also visible in the instrumental data, albeit the reduction of variability in ST is smaller (Table S4) The corresponding anomalies with respect to the period 1901-1995 and uncertainties are indicated in parentheses regions, but with different magnitudes (Fig. 4) . Afterwards, the temperature fluctuations of the sub-regions are more variable at the decadal scale, however still synchronous on multi-decadal to centennial scales (e.g. the warm eighteenth and cold nineteenth centuries). The first (second) panel of Figure 6 shows the 30-year filtered winter reconstructions of the sub-regions. The differences between the regions are more pronounced than in summer, especially for SP and after 1800. Figure 9a shows the 30-year Gaussian filtered SSA mean summer PCR reconstruction (blue) along with the independent PCR reconstruction based on the 22 withheld summer predictors (green). Due to the limited number of available predictors, the reconstruction based on the withheld predictors yielded skillful results (RE [ 0) only back to 1232. Although the amplitudes of the two curves differ, the temporal evolutions of the two reconstructions are similar on centennial timescales. The red curve in Fig. 9a shows the reconstruction obtained when only using those proxies of the optimal set which are from within SSA. It covers the period 1677 (four SSA predictors available) to 1995. The decadal scale variations are very similar to the original reconstruction and the correlations between the two reconstructions are 0.82 on interannual and 0.95 on 30-year timescales (both p \ 0.001). Also in winter, the reconstruction based only on proxies from within SSA (covering 1807, where four proxies are available, to 1995) is very similar to that based on the optimized predictor set (Fig. 9b) . Here, the correlations are 0.81 (interannual) and 0.92 (30 year-filtered; both p \ 0.001).
As a further validation, we compared our results with the annual temperature reconstructions of the NP and SP Andes (Villalba et al. 2003 ) based on tree ring records independent from our reconstructions. Fig. 9d ).
Finally, we calculated the correlations of long (nonhomogenized) instrumental temperature records with the spatial reconstructions at the corresponding grid cells (Table 5) . As long records, we defined stations with available data for at least 30 years in both the calibration and reconstruction (pre-1931) (Table 5 ). Most stations have significant but not very high correlations (r = 0.55 on average). Most of the station data with non-significant correlations have either non-significant correlations also in the calibration period or do not correlate significantly with the corresponding predictand grid cell in the verification period. Non-significant correlations mainly occur at stations in southern Patagonia or in the northeastern part of SSA.
Discussion
SSA mean reconstructions
Our summer temperature reconstructions (Fig. 2) suggest that a warm period extended in SSA from 900 (or even earlier) to the mid-fourteenth century. This is towards the end of the Medieval Climate Anomaly (MCA; Bradley et al. 2003; Stine 1994) as concluded from NH temperature reconstructions, where most studies find a termination between ca. 1200-1350 (Jansen et al. 2007; Wanner et al. 2008) . Major advances of several summer temperature sensitive glaciers from the eastern slopes of the Patagonian Andes occurred in the seventeenth century and between 1850 and 1950 (Koch and Kilian 2005 Luckman and Villalba 2001) , coinciding with periods of low temperatures in our reconstruction (Fig. 2) . However, the reconstructed cold period in the early fifteenth century corresponds only for a few SSA glaciers with a period of advance (e.g. Glaciar Huemul, Masiokas et al. 2009; Röthlisberger 1986 ). This may be due to the still limited knowledge about glacial fluctuations in the area and their (Table 1) . Interestingly, the dates of glacial advances in New Zealand around 1000, 1150, 1400, 1600, 1700 and in the nineteenth century (Schaefer et al. Fig. 9 a 30-year filtered SSA mean summer temperatures reconstructed by PCR using all proxies of the optimized predictor set (blue; 1200-1995), the withheld summer temperature predictors (green; 1232-1995) and only the proxies of the optimized set that are situated within SSA (red; 1677 -1995 . b 30-year filtered SSA mean winter temperatures reconstructed by PCR using all proxies of the optimized predictor set (blue; 1706-1995) and only the proxies of the optimized set that are situated within SSA (red; 1807 -1995 . 2009) mostly coincide with cold periods in our SSA summer temperature reconstructions. This is also confirmed if the proxy record from New Zealand is removed from the predictor set (Fig. S8 ). This suggests that the teleconnections between the SSA and New Zealand areas as found in the instrumental record (e.g. Villalba et al. 1997b) were persistent over the last millennium. The warm temperatures reconstructed in the twentieth century are of similar amplitude as in preceding warm periods within the last millennium (Fig. 2) .
Spatial reconstructions
The temperature variations of the different sub-regions of SSA are broadly synchronous at multi-decadal to centennial scales, albeit with different amplitudes (Figs. 4, 6 ). At annual to decadal timescales (except for the pre-1650 period in summer), the temperatures of the sub-regions exhibit more individual fluctuations (Figs. 4, 5, 6 , 7 and S9, S10), but remain mostly within the 2 SE uncertainty bands of each individual region (not shown). The strong synchronicity in summer temperatures before 1650 might be an artifact caused by the decreasing number of available predictors back in time leading to reduced spatial variability and more fitting towards mean conditions. As also found in regional reconstructions from the NH and the tropics (Jansen et al. 2007; Rabatel et al. 2008; Wanner et al. 2008) , the timing and extent of the warmest and coolest periods in our reconstructions vary in different parts of SSA (Fig. 4) : The warm peaks between 900 and 1350 are distinct in SP, NP and CC with 30-year filtered anomalies of up to ?0.9°C (wrt 1901-1995, Fig. 4 ) in the late thirteenth and early fourteenth centuries. In these regions, the transition to colder conditions is characterized by two rapid temperature decreases between 1335 and 1355 as well as between 1370 and 1400. The reconstructions of the ST region can be clearly distinguished from the other regions due to the weak warm anomalies before 1350, the absence of the distinct cool period at the beginning of the fifteenth century and the pronounced minimum around 1850 in summer (Fig. 4) . The distinct differences in variability between the sub-regions may also be an artifact of the strong limitations of the instrumental target in broad regions of SSA due to the sparse coverage with station data (Garreaud et al. 2009 ; see also Fig. S2 ).
Quality considerations
The three methodologies used herein (PCR, CPS and RegEM) lead to comparable reconstructions at decadal to centennial timescales (Figs. 2, 3 , middle panels and Figs. S3, S4, S6, S7, S11, S12). Particularly the results of PCR and CPS are remarkably similar, with a slightly different temperature history estimated by RegEM (Figs. 2, 3) . The bottom panels of Figs. 2 and 3 suggest that none of the applied methods systematically over-or under-estimates the interannual variance back in time. We mainly base our discussions on the results of PCR, because this method yielded the highest skill scores (Figs. S6, S7 ). The PCR and CPS reconstructions are relatively robust to changes in reconstruction parameters, calibration period (see Figs. S13, S14) or predictor subset (see Figs. 9, S11). In contrast, the results of the RegEM reconstructions are sensitive to changes in the truncation parameter, predictor set and calibration period chosen; particularly in the spatial reconstructions with short calibration periods (see e.g., Fig. S11 ). The summer temperature reconstruction, which we performed based on a completely independent predictor set (see Sect. 3.3), has a qualitatively similar pattern at centennial timescales (Fig. 9) . Also, the reconstructions based only on predictors from within SSA are very similar to the results of our optimized sets in both seasons (Fig. 9) , indicating that including proxies from areas outside SSA does not lead to biases in our reconstructions, at least as regards the SSA mean. Moreover, our reconstructions are not dominated by single proxies, as shown by the individual regression weights of each proxy in PCR (Figs. S15-S18). We therefore argue that the reconstructed low frequency patterns are relatively robust with respect to the reconstruction methodology and predictor set used. Our results suggest that the selected predictors are able to capture regional differences in past SSA temperatures at interannual (illustrated by Figs. S9, S10) and decadal timescales (Figs. 4, 5, 6, 7, 9 ). This finding is corroborated by the significant correlations with the independent regional reconstructions of the southern Andes (Villalba et al. 2003 ) and the long temperature measurements from SSA (Table 5 ). However, most of these correlations are significant though rather low, indicating that our reconstructions have limited potential for local to regional analyses in the complex mountain areas of the Andes and in the peripheral regions of SSA.
The reconstruction uncertainties are smaller in summer than in winter (Figs. 2, 3 , 5, 7, S9 and S10), indicating that the quality of the predictor network is higher in summer. Generally, our reconstructions and verification exercises yielded mostly positive but relatively low skill scores for both seasons (Figs. 5, 7, 8) . It must be noted that we optimized our predictor set based on these skill scores which are, therefore, very probably overestimated to a certain extent. The lowest skill and the largest uncertainties (Figs. 5, 7) correspond mostly to the lowlands east of the Andes, from where no annually resolved temperature proxies are available (Fig. 1) . We emphasize that in the period before 1493, the summer temperature reconstructions exhibit larger uncertainties (as illustrated in Fig. 2) , because all but one predictor used in this timeframe stem from outside SSA and are only connected to its climate through teleconnections which are assumed to remain stable over time. However, Fig. S8 shows that the record from within SSA has the largest influence on the reconstruction in this period (900-1492). Furthermore, a reconstruction based only on SSA proxies (some of them not included in the optimal set) reveals similar results. This indicates that the reconstructions reflect realistic fluctuations of SSA temperatures, also in this early period (details see supplementary material). The results are generally more uncertain in winter than in summer, because in winter, the relation to SSA winter temperature is found by correlation analysis only and has not been explicitly stated in literature for most of the non-instrumental proxies used. The only exception are the tree ring records from South Patagonia and Tierra del Fuego, which Aravena et al. (2002) found to be related to annual minimum temperatures. These findings underline the need for more highly resolved temperature proxies from within SSA, particularly in other seasons than summer and in the eastern part of the continent.
Conclusions and outlook
Twenty two (20) carefully selected proxies were used to statistically reconstruct austral summer (winter) temperatures of SSA back to 900 (1706) using PCR, CPS and RegEM. The results represent the first seasonal sub-continental-scale climate field reconstructions of the SH going so far back in time. The reconstructed SSA mean summer temperatures are characterized by warm episodes before 1350, between 1710 and 1820 and after 1940. Cold conditions prevailed between 1400 and 1650 as well as between 1820 and 1940. This mostly agrees with reconstructions of fluctuations of temperature sensitive glaciers in SSA and New Zealand. In winter, the decadal-scale pre-1901 temperature anomalies mostly remain below the twentieth century average. Within the twentieth century, the 30-year filtered anomalies of both seasons do not exceed the uncertainty range of warm periods in previous centuries. Our spatial reconstructions indicate differences in the low and high frequency variability between the subregions of SSA. This study clearly revealed that temporally and spatially highly resolved multi-centennial climate field reconstructions are also possible in the SH. Nevertheless, skill values are still rather low and there is a striking lack of annually resolved proxy data, especially from tropical and subtropical regions (see Boninsegna et al. 2009 ) and from the eastern lowlands of SSA.
Together with reconstructions from other regions, our reconstructions allow quantification of differences and similarities of past temperature variations of different continents and hemispheres and to put the recent warming into a larger temporal and spatial context (as intended by the PAGES 2k initiative; Newman et al. 2009 ). Besides, they can serve as a basis for the analysis of environmental and societal changes of the last millennium in SSA as well as for comparison and calibration issues of proxies with lower resolution. Along with forthcoming reconstructions of precipitation (Neukom et al. 2010 ) and sea level pressure, our results will help to understand the influence of globally relevant large scale patterns, such as ENSO, SAM and PDO on the climate of SSA as well as regional expressions of solar and volcanic forcings. Finally, the reconstructions can be used for comparison with the outputs of global climate model (GCM) simulations (Meyer and Wagner 2008a, b. Such comparisons can help to improve the understanding of the processes driving past climate variability in SSA and also to assess and ultimately improve the ability of GCMs to simulate past and future climate variability.
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Processing of the predictor data
Some of the available predictor data (Tables S1-S3) were processed in order to be optimized for the purpose of seasonal climate reconstructions.
Instrumental data
Daily means of the instrumental data (Vargas and Naumann 2008) 
Corals
From the coral records (Table S3 ) that have a higher than annual resolution, we used bimonthly (Abrolhos, Ifaty) and seasonal (Great Barrier Reef, Secas, New Caledonia, Rarotonga) means.
Ship log data
We analyzed ship log data that were obtained from the CLIWOC (García-Herrera et al. 2005) and ICOADS (Worley et al. 2005 ) databases for their suitability as predictors for SSA climate. We used the pre-processed and gridded dataset from Küttel et al. (2009 Küttel et al. ( ) covering 1750 Küttel et al. ( -2002 . This dataset consists of individual point measurements of u and v wind vector components that were seasonally aggregated into grid boxes of 8° x 8° resolution over the world's oceans (Küttel et al. 2009 ). Based on the criteria defined by Küttel et al. (2009) we identified grid cells with sufficient data coverage (i.e. three available values per season).
Tree rings
The tree ring chronologies from South America (Tables S1 and S2) had been developed with different methods over the last ca. 30 years (Boninsegna et al. 2009 ). In order to make these data comparable and in attempt to preserve low frequency climate related variability, we reprocessed all datasets. As a basis for the establishment of the tree ring network we used the raw ring width measurements of 196 published and unpublished records (Tables S1 and S2 ).
Only records going back further than 1901 were considered. First, for all sites a conservative detrending (using 300 year cubic spline filters) was applied to establish the chronologies for site comparisons and subsequent correlation and clustering analyses. Then, the set was SANDRA, Philipp et al. 2007 ). The resulting 47 clusters are listed in Table S1 . Although the clusters were created based on statistical procedures only, most clusters contain records of the same genus as well as from nearby sites (Table S1 ) and similar altitudinal ranges (not shown).
The measurement series of the sites within the clusters were merged into one file and thereafter treated as an individual dataset. Sites that could not meaningfully be allocated to a cluster (due to the unique properties of the habitat or climate zone of the corresponding location or the large distance to the next site) were used as individual records in the further analyses. These records are listed in Table S2 . For all datasets, mean chronologies for our reconstructions were developed using regional curve standardization, in order to preserve the low-frequency signal (RCS, Briffa et al. 1992; Esper et al. 2003) . Years with a sample depth of less than five or an expressed population signal (EPS, Wigley et al. 1984 ) less than 0.85 were excluded. The starting and ending years of the resulting chronologies are shown in Tables S1 and S2 . Spectral analysis of the chronologies showed that some Nothofagus records from the southernmost portion of the continent are affected by a strong seven-year cycle probably caused by periodic insect outbreaks (Aravena et al. 2002) . These records, as well as chronologies which have a sample depth of less than 15, were eliminated in a final screening and thus not considered for reconstruction purposes.
Selection of the predictor sets used for the reconstructions
We established the set of predictors used for our summer and winter temperature reconstructions using two steps.
Identification of potential summer and winter temperature predictors
Out of the original database of 144 proxies (Tables S1-S3) that are related to SSA climate (e.g. temperature, precipitation or atmospheric pressure), we selected the predictors with temporally consistent and significant correlations with SSA summer or winter temperatures (potential predictor matrices). To evaluate the temporal stability, the 30-year running Spearman correlation coefficients of each proxy series with the 20 th century instrumental CRU TS3 grid at the "best location" were calculated. As "best location" we defined the grid cell with the highest absolute correlation with the proxy over the overlapping period (between 70 and 106 years within . If the running correlation curve showed instabilities (i.e. changes in sign, or fluctuations in the coefficient that exceed ±0.2/decade) the relation between the proxy and the predictand was considered not stable and the proxy series was not included into the potential predictor matrix. In total, 44 (27) series were included into the potential predictor matrix for the summer (winter) temperature reconstructions. They are specified in the last two columns of Table S1 (tree ring clusters), Table S2 (individual tree ring records) and Table S3 (other records).
Selection of the final proxy sets
In a next step, we optimized the potential predictor matrices by identifying the optimal subset in terms of pre-defined reconstruction skill measures for each season. Due to computation limitations it was not possible to test all possible combinations of the available 44 (summer) and 27 (winter) temperature predictors. We therefore combined the proxies into meaningful sub-groups of maximum eight records based on their starting years. We then performed the PCR reconstructions and verifications for all possible combination of proxies within the oldest group and selected the combination with the highest skill scores. This set was then combined with all possible combinations of the next younger group and again, the set with the highest skill was evaluated. This procedure was repeated for all sub-groups. Finally, we used the leave-one-out ("add-one-more") method to test, whether the quality could be further improved by removing (adding) some of the selected (excluded) predictors. For the SSA 5 mean reconstructions (see Table 3 in the main text) we used the average of the RE and r 2 scores as measure for the quality. The spatial reconstructions were assessed based on the average number of grid cells with positive REs. We performed the evaluation by computing an SSA mean and a spatial reconstruction with each set and equally weighting both criteria.
Independent use of the two criteria lead to two very similar predictor sets for the SSA mean and spatial reconstructions (not shown). Verification of the results by comparing the skill scores of selected subsets with the corresponding results of CPS and RegEM showed that the rankings of the subsets are relatively robust and similar for the three methods (not shown).
The final set of 22 (20) summer (winter) temperature proxies and the temporal evolution of the number of predictors are presented in Table 1 (Table 2 ) and Figure 1 in the main text.
Calculation of predictor weights
For our PCR reconstructions, we calculated the weight that each predictor has at each time step and location in our regression models as described by (Briffa et al. 1986 ). In order to deal with the changing number of predictors over time, the sum of the weights was normalized to a value of one at each year and all weights were then multiplied with the number of predictors available in the respective year. The average weight of each predictor in four selected years for summer (winter) is shown in Figure S15 (S17) and the predictor with the largest weight at each location in the same years are displayed in Figure S16 (S18).
Early part of the summer reconstruction (900-1492)
In the period before 1493 only one proxy in the summer temperature reconstructions stems from inside the reconstruction area: the Laguna Aculeo lake sediment record (von Gunten et al. 2009 ). The other four proxies used in this timeframe stem from outside SSA and are only connected to its climate through teleconnections which are assumed to remain stable over time. Figure S8 shows, however, that the reconstruction is robust to changes in the predictor subset, also in this period. Figure S8a shows our PCR summer reconstruction along with the same reconstruction when each of the five predictors available is omitted from the proxy set.
These curves mostly stay within the 2SE uncertainty bands of the original reconstruction, except for the case, when the Laguna Aculeo record is omitted. This indicates that the record from within SSA (Laguna Aculeo) is the most important proxy for the SSA mean temperature reconstruction in this time period. Figure S8b displays the PCR reconstruction together with a reconstruction using only the Laguna Aculeo record and two additional tree ring cluster chronologies (CAN 1 and CAN 6, see Table S1 ) from within SSA that go back beyond 1493 as predictors. These two tree ring records are part of the summer temperature predictors that were excluded from the "optimal set" and retained for validation (Figure 9a ). This reconstruction, which is based on SSA predictors only, shows very similar decadal-scale fluctuations as the original reconstruction, albeit with larger amplitudes and lower skill (not shown). Over all, Figure S8 indicates that the reconstructed temperatures are very probably reflecting realistic SSA climate variations also in the early part of the reconstruction, where few predictors are available. for the spatial reconstruction, respectively) and the calibration period (1901-1995 and 1931-1995, respectively; see Table 3 in the main text) Tables   Table S1 Properties of the SSA tree ring clusters. Lat, Lon and Alt: average latitude, longitude and altitude a.s.l.
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of the sub-series of the cluster; n: sample depth; sub-series: names of the records that were included into the cluster; Dist.: mean distance (km) between the sub-series; r: average Spearman correlation coefficient between the sub-series. The last two columns indicate, whether the cluster was included into the potential predictor matrix for summer (DJF) and winter (JJA), respectively. The species are listed for each sub-series, if the cluster consists of records from different species.
Table S2
Properties of the SSA tree ring series, which were not included into a cluster. The coordinates and altitudes of the sites, beginning and end years, species, sample depths (n) and references of the series are shown. The last two columns indicate, whether the record was included into the potential predictor matrix for summer (DJF) and winter (JJA), respectively. 
